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Abstract: Centrifugation is a technique applied to assist in the freeze concentration of fruit juices and
solutions. The aim of this work was to study the influence of the time–temperature parameters on the
centrifugation process as a technique applied to assist in the first cycle of the freeze concentration of
blueberry juice. A completely randomized 4× 3 factorial design was performed using temperature and
time as the factors, and the response variables included the percentage of concentrate, efficiency and
solutes recovered. The results were evaluated using multiple linear regression, random forest
regression, and Gaussian processes. The solid content in the concentrate doubled compared
to the initial sample (18 ◦Brix) and approached 60% in the first cycle of blueberry juice freeze
concentration. The combination of factors affected the percentage of the concentrate and solutes
recovered, and the optimum of concentration was obtained at 15 ◦C with a centrifugation time of
20 min. Gaussian processes are suggested as suitable machine learning techniques for modelling the
quantitative effect of the relevant factors in the centrifugation process.
Keywords: freeze concentration; centrifugation; time–temperature factors
1. Introduction
Freeze concentration (FC) or cryoconcentration is an attractive nonthermal technology applied
to several liquid foods, and sub-zero temperatures are used, instead of thermal technologies such
as evaporation that are usually performed at temperatures above 70 ◦C. Compared to conventional
evaporation processes, FC is a method that allows the preservation of the organoleptic and nutritional
properties of liquid food products [1].
FC is a method for recovering a food solute from a solution based on the separation of pure ice
crystals from a freeze-concentrated aqueous phase [2]. Four FC techniques are used: (i) suspension freeze
concentration [3]; (ii) progressive freeze concentration [4]; (iii) falling-film freeze concentration [5–7];
and (iv) block freeze concentration (BFC) [8,9].
The industrial future of FC is mostly associated with developments in the configuration of BFC
rather than conventional freeze concentration systems or suspension crystallization, given the simpler
separation step of BFC [10]. Another advantage of one-step block freeze concentration systems is their
simplicity in terms of both the construction and operation of the systems [11]. In BFC, a food–liquid
solution is completely frozen, the whole frozen solution is thawed, and then, the concentrated fraction
is separated from the ice fraction by gravitational thawing. Other techniques may or may not be used
in the last stage to improve the separation efficiency, and the ice block acts as a solid casing through
which the concentrated fraction passes [4].
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The technical viability of the block freeze concentration method has been demonstrated by several
researchers [12–17]. Considering these conditions, Petzold, Sánchez and Miyawaki [10,11,18,19]
suggested that the advancement of the freeze concentration technique is associated with the
development of the characteristics or mechanisms of solute recovery occluded in the ice.
These mechanisms are simple and economical in terms of their application; thus, these mechanisms
serve as alternatives that allow us to make the process more efficient.
Many studies have focused on centrifugation and vacuuming as techniques to assist in freezing
concentration. Centrifugation is an effective assisted technique to remove the concentrated solution
from the ice matrix in a one-stage freeze concentration. The force of gravity is largely replaced
by a greater driving force applied by centrifugal force. The higher concentration yield by freezing
using centrifugation is attributed to the ice matrix acting as a porous solid through which the
concentrated solution is filtered through ice drainage channels, which is enhanced by the centrifugal
force applied [13,20–22].
Some authors have studied how the choice of the parameters for the assisted technique can
help achieve more efficient freeze concentration. For example, Petzold [23] investigated the initial
concentration of sucrose and the centrifugation speed. Petzold [24] reported that centrifugation
enhances the separation of the concentrated solution of frozen fruit juices (blueberry and pineapple).
However, there are no scientific reports in which parameters, such as the temperature and
centrifugation time, have been studied in detail to obtain a highly efficient FC concentration process.
Furthermore, although research has shown the advantages of applying machine learning techniques to
food technology [25,26], the authors did not find any previous reference to the use of these techniques
for predicting the effects of the parameters in the centrifugation-assisted freeze concentration process.
In this paper, we study the influence of temperature and time parameters on the centrifugation
process as an assisted technique. This study is focused on the case in which the centrifugation process
is applied to the freezing concentration of blueberry juice. In the first stage, we collected experimental
data to evaluate the effects of the temperature and centrifugation time. In the second stage, we used
regression models that predicted the values of the response variables that characterize the outcome of
the centrifugation process (concentrate, efficiency and solute).
2. Materials and Methods
2.1. Materials
The fresh blueberries (Powderblue Rabbiteye Blueberry variety) was purchased in a supermarket
in the city of Chillán, Chile, and maintained under refrigeration at 4 ± 1 ◦C until processing. The juice
was extracted from the fresh blueberries by pressing and filtering to separate the seeds, pulp and peel
and obtain juice for subsequent cryoconcentration. The total solids of the juice obtained were 18 ◦Brix.
2.2. Experimental Method
A schematic diagram of the experimental method is given in Figure 1. The freeze concentration
process was performed through a concentration cycle based on the method of Petzold [23]
with modifications. Blueberry juice (45 mL) contained in plastic centrifugal tubes (internal diameter
D = 15 mm) was frozen in a static freezer at−20 ◦C for 12 h. The external surface of the plastic tubes was
covered with a thermal insulation made of foamed polystyrene (8 mm thickness, thermal conductivity
K = 0.035 Wm 1 K 1). The heat transfers during freezing mainly occurred unidirectionally.
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After centrifugation, the concentrated solution was collected, and the remaining frozen core was 
thawed such that the soluble solid concentration was determined in both fractions. The concentration 
of fractions Cf and Cs (solids in the molten frozen phase and solution, respectively) obtained after 
assaying was analyzed at ambient temperature (22 °C) with an ATAGO refractometer (model PAL-
1, Tokyo, Japan) to a precision of ±0.1 °Brix. All measurements were performed in triplicate, and the 
average values are reported. 
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Figure 1. Schematic diagram of the experimental protocol.
To separate the ice and concentrate, the frozen samples were removed from the freezer and
rapidly transfer ed to a refrigerated centrifug (centrifuge Hettich model D-7853, Tuttlingen, Germany)
operated at 4000 RPM (1878 relative centrifuge force (RCF) and 105 m rotor radius). The expression
used to compute the RCF is given by Equation (1).





where RPM is the revolutions per minu , and r is the radius of the centrifuge rotor (mm).
After centrifugation, the c ncentrated solution was coll cted, and the remaining frozen core was
thawed such that the soluble solid concentration was determined in both fractions. The concentration
of fractions Cf and Cs (solids in the molten frozen phase and solution, respectively) obtained after
assaying was analyzed at ambient temperature (22 ◦C) with an ATAGO refractometer (model PAL-1,
Tokyo, Japan) to a precision of ±0.1 ◦Brix. All measurements were performed in triplicate, and the
average values are reported.
2.3. Experimental Design
In this work, a completely randomized 4 × 3 factorial design (one factor at four levels and another
factor at three level ) as analyzed. For each experimental treatment, three assays were conducted.
The independent variables were the temperature (T) and time (t) of centrifugation, and the dependent
variables (response) were the efficiency (ï), percentage of concentrate (PC), and solute recovered (Y).
The factors and levels of the experimental design are shown in Table 1.
Table 1. Factors and levels of the experimental design.
Factors Levels
Temperature (T), ◦C 5 10 15 20
Time (t), min 10 15 20
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2.4. Calculations
2.4.1. Efficiency of Concentration
The efficiency of each concentration run was defined as the increase in the concentration of the
solution relative to the quantity of sugar remaining in the frozen fraction. In theory, the lower the sugar
content remaining in the frozen fraction, the more concentrated the solution will be. Equation (2) was





where cs and cf are the concentrations of solids (◦Brix) in the concentrated solution and frozen
fraction, respectively.
2.4.2. Percentage of Concentrate
The percentage of concentrate was calculated for each assay with the initial and final weights of







where W0i and W
t
i are the initial and final weight of the frozen fraction, respectively.
2.4.3. Recovered Solute
The recovered solute represents a ratio of the solid concentration in the concentrated solution to





where Y has the unit kg solute/kg initial solute and ms and mo are the solute mass (kg) in the concentrated
and initial solution, respectively.
2.5. Statistical Analysis
The results were expressed as the means ± standard deviation. Statistical analyses were performed
by analysis of variance (ANOVA) and a least significant difference test (LSD) using the statistical
program Statgraphics Centurion XVI (Statgraphics, VA, USA, 2009) with 95% confidence levels (with the
significance determined by p ≤ 0.05).
2.6. Predicting the Values of the Response Variables with Regression Models
The results of the factorial design were evaluated through multiple linear regression [27,28],
random forest regression [29,30] and Gaussian processes [31,32]. The goal was to evaluate how
different variables that characterize the process predict the values of the response variables (concentrate,
efficiency, and solute). To implement this evaluation, a number of machine learning algorithms were
used for the regression. Machine learning algorithms are methods that use data to create models that
can be used for prediction.
The multiple linear regression method is the simplest among the algorithms used, and it models
the response variable as a linear combination of the predictors. Multiple linear regression serves
as a baseline for the comparison of machine learning algorithms. The random forest model is an
example of an ensemble method that combines the predictions of several base estimators. In this
case, the base estimators corresponded to decision trees that were learned from random subsets of the
data. Random forest models can be an appropriate approach to problems with dependencies among
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predictors, and evaluating whether these dependencies can improve the quality of the predictions is an
important question. Finally, Gaussian processes are very powerful models which, by using Gaussian
distributions, are able to exploit the interactions among predictors. Furthermore, they can model noisy
and stochastic problems, and thus, given the same set of parameters, the target variable can have
different values. This is the case for scenarios such as the one considered in this paper, in which for
the same setting of the temperature, time and amount of the raw material, the modelled quantity can
exhibit variations in different trials due to other factors.
The quality of the predictions was evaluated using the mean squared error (MSE) between the
predicted and target value for each data point. If the predictions were perfect, i.e., the predicted value
is equal to the real measurement, then the error would be zero. We also computed the R2 statistic
that serves as another metric to evaluate the error. R2 is inversely related to the MSE. The three
types of models were also compared to each other to determine which model produced the most
accurate predictions.
Two different scenarios for the predictor variables were considered. In the first scenario, only two
variables were used to predict the target variables: temperature and time. These factors have been
reported in previous work as the two most influential variables for the process. In the second scenario,
a third predictor variable, namely, the amount of raw material, was added to evaluate whether adding
this third variable improved the prediction.
3. Results
Figure 2 shows the results of the concentration of the blueberry juice (in ◦Brix) after it had been
centrifuged at different temperatures and times. As presented in the figure, the highest concentration
values were achieved when the time–temperature combination was lower in the first freeze concentration
cycle, and this finding is consistent with the literature that demonstrates that the first drops of any
thawing process are the richest in solutes [33]. On the other hand, for the lowest temperatures of
those studied (5 ◦C and 10 ◦C), no significant differences in the concentration results were obtained at
15 and 20 min. However, no significant differences were noted between the treatments corresponding
to 10 min and different temperatures, with the exception of the treatment at 15 ◦C, for which the
concentration was the lowest for this time point.
Appl. Sci. 2020, 10, x FOR PEER REVIEW 5 of 11 
model noisy and stochastic problems, and thus, given the same set of parameters, the target variable 
can have different values. This is the case for scenarios such as the one considered in this paper, in 
which for the same setting of the temperature, time and amount of the raw material, the modelled 
quantity can exhibit variations in different trials due to other factors. 
The quality of the predictions was evaluated using the mean squared error (MSE) between the 
predicted and target value for each data point. If the predictions were perfect, i.e., the predicted value 
is equal to the real measurement, then the error would be zero. We also computed the R2 statistic that 
serves as another metric to evaluate the error. R2 is inversely related to the MSE. The three types of 
models were also compared o each other to determine which model produc d the most accurate 
predictions. 
Two different scenarios for the predictor variables were considered. In the first scenario, only 
two variables were used to predict the target variables: temperature and time. These factors have 
been reported in previous work as the two most influential variables for the process. In the second 
scenario, a third predictor variable, namely, the amount of raw material, was added to evaluate 
whether adding this third variable improved the prediction. 
3. Results 
Figure 2 shows the results of the concentration of the blueberry juice (in °Brix) after it had been 
centrifuged at different temperatur s and times. As presented in the figu e, the highest concentration 
v lues were achieved when the time–temperature combination was lower in the first freeze 
concentration cycle, and this finding is consistent with the literature that demonstrates that the first 
drops of any thawing process are the richest in solutes [33]. On the other hand, for the lowest 
temperatures of those studied (5 °C and 10 °C), no significant differences in the concentration results 
were obtained at 15 and 20 min. However, no significant differences were noted between the 
treatments corresponding to 10 min and different temperatures, with the exception of the treatment 
at 15 °C, for which the concentration was the lowest for this time point. 
 
Figure 2. Results of concentration (°Brix) at different times and temperatures; a,b,c indicates there are 
significant differences at p ≤ 0.05, and b,d indicates there are no significant differences at p ≤ 0.05, both 
according to a least significant difference (LSD) test. 
Figure 3 shows the ice fractions and concentrates of two combinations studied. The fractions on 
the left correspond to the combination of 10 min and 5 °C, which was the treatment that yielded the 
highest value of the concentrations (49.4 °Brix). However, notably, the solute is retained in the ice; thus, 
the volume of the concentrate obtained was less than the volume corresponding to the concentrated 
Figure 2. Results of concentration (◦Brix) at different times and temperatures; a,b,c indicates there
are significant differences at p ≤ 0.05, and b,d indicates there are no significant differences at p ≤ 0.05,
both according to a least significant difference (LSD) test.
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Figure 3 shows the ice fractions and concentrates of two combinations studied. The fractions on
the left correspond to the combination of 10 min and 5 ◦C, which was the treatment that yielded the
highest value of the concentrations (49.4 ◦Brix). However, notably, the solute is retained in the ice; thus,
the volume of the concentrate obtained was less than the volume corresponding to the concentrated
fraction obtained with the treatment consisting of the combination of 20 min and 15 ◦C, which is shown
on the right. The lowest concentration value (35.9 ◦Brix) was obtained for this combination.
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Table 2 shows the results of the response variables studied, including the efficiency, percentage of
concentrate, and solute recovered. Regarding the efficiency (Table 2), no significant differences were
noted between treatments. However, regarding the percentage of concentrate and the recovered solute,
the highest values were reached with the centrifugation at 15 ◦C for 20 min for the first cycle of freeze
concentration, demonstrating that these conditions represent the optimal experimental conditions to
concentrate blueberry juice using the BFC technique.









(g Solute/g Initial of Solute)
1 10 20 68.38 ± 2.11 a 17.68 ± 3.06 a 0.39 ± 0.06 a
2 15 15 66.80 ± 1.99 a 25.69 ± 3.55 b 0.51 ± 0.06 b
3 15 20 67.00 ± 2.40 a 39.78 ± 2.03 c 0.66 ± 0.03 c
4 5 15 64.76 ± 5.84 a 11.55 ± 1.51 d 0.26 ± 0.03 d
5 10 15 67.29 ± 2.35 a 20.63 ± 2.71 e 0.44 ± 0.04 e
6 20 15 64.58 ± 4.17 a 26.45 ± 4.51 b 0.52 ± 0.06 b
7 5 10 66.90 ± 2.06 a 9.34 ± 1.13 f 0.23 ± 0.03 f
8 10 10 66.07 ± 2.46 a 8.75 ± 0.36 f 0.22 ± 0.01 f
9 5 20 66.38 ± 2.15 a 13.85 ± 2.69 d 0.31 ± 0.05 a
10 15 10 61.87 ± 7.52 a 15.15 ± 4.11 a 0.32 ± 0.10 a
11 20 20 68.02 ± 2.75 a 28.51 ± 1.21 g 0.56 ± 0.03 b
12 20 10 66.81 ± 1.00 a 12.02 ± 0. 9 d ±0.02 a
Different letters in each column indicate significant differences at p ≤ 0. 5, according to a least significant difference
(LSD) test.
Figure 4 shows the effects of temperature and time on the three variables studied using Pareto
diagrams for each of them. Figure 4a illustrates the effects of time and temperature on efficiency.
None of the factors studied affects the efficiency response variable. However, the temperature nd
time have a positive effect on the perce tage of concentrate and recovered solute response variables,
as shown in Figure 4b,c.
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quantities, the gains produced by the random forest and Gaussian process models may indicate that
interactions among the predictors are important for the approximation. For the solute, the linear model
produces the best approximation. When the three factors were considered, the Gaussian process was
the best of the three studied models, although the difference between it and the performance of the
random forest model was not large.
4. Discussion
The concentration values achieved at 10 min and 5 ◦C are similar to those reported by Ramos [30]
for the cryoconcentration of yacon juice at a centrifuge rotation speed of 4500 rpm and 2 min in the first
cycle of freeze concentration. However, these values are higher than those reported by Petzold [23],
who obtained 20 ◦Brix for blueberries and pineapple in the first cryoconcentration cycle at 4600 rpm
for 10 min.
The highest achieved result (49.4 ◦Brix) is approximately two-fold greater than that achieved
by Raventós [34] with concentrations of 26.6 ◦Brix and 27.5 ◦Brix for the concentration cycle of the
cryoconcentration of glucose and fructose, respectively.
An analysis of the results revealed that when the raw material (initial quantity of blueberry juice
to concentrate in each trial) was incorporated as a factor in the model, the best predictions achieved
by the Gaussian process improved with respect to the first scenario and are clearly more accurate for
the concentrate and solute target variables. Regarding the variable of efficiency, the best prediction,
which was achieved using the random forest method, is not improved; however, the prediction error is
reduced for the other two regression methods considered. The results also show the convenience of
considering different machine learning techniques because these methods can provide a wider scope
of analysis of the behavior of the process.
Under these conditions and from a practical point of view, the best experimental conditions
are 15 ◦C for 20 min for blueberry juice concentration by BFC. However, new experimental assays
are necessary for a more detailed analysis of the nutritional value, sensory elements and stability of
the concentrates.
An analysis of the table reveals that the highest values are lower than those reported by Petzold [23]
for pineapple juice in the first cycle of freeze concentration. On the other hand, for blueberry juice,
the same authors reported values similar to those obtained in this research for the three variables
studied. In previous studies using a filter in the centrifugation process, Orellana-Palma et al. [21]
obtained higher values for the variables studied. Their results showed that the addition of the filter
improved the separation rate in general.
5. Conclusions
The centrifugation-assisted technique effectively removes the concentrated solution from the ice
matrix in the freeze concentration of fruit juice. This technique produced high values for the recovered
solute (0.66 g solute/g initial solute) and concentrate percentage (39.78%), which were obtained in
the first freeze concentration cycle of blueberry juice. The combination of temperature and time
affected the concentrate percentage and recovered solute, and the best results were obtained with
20 min of centrifugation at 15 ◦C. These results point to the importance of evaluating the impact of the
different parameters that influence the efficiency of centrifugation-assisted techniques with the goal of
identifying the optimal settings. With this purpose, we have also proposed the use of machine learning
techniques to predict the quantitative effects of the relevant factors in the response variables of the
centrifugation process and demonstrated that the Gaussian process is an effective method for this task.
Regarding possible future lines to extend this work, the number of predictors used for the modelling
process and the number of measurement intervals will be increased in further studies investigating the
centrifugation-assisted process.
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